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Abstract. In this work, a method is presented to map a set of ex-
perimentally obtained, time-resolved distributions to a dynamic model.
Specifically, time-resolved comet assay readouts of cancer cells after ap-
plication of ionizing radiation are mapped to the Multi-Hit-Repair model,
a radiobiologically motivated dynamic model used to predict DNA dam-
age and repair. Differential evolution is used for parameter-search to
showcase the potential of this method, producing a prediction close to
the experimental measurement. The results obtained from the param-
eter search are used to characterize aspects of the repair process. The
method is compared to prior attempts of finding model parameters from
dose-response curves, revealing that calibration is required to render the
two comparable.
Keywords: Dynamic DNA damage/repair model · comet assay (single
cell gel electrophoresis) · differential evolution
1 Introduction
Radiotherapy is a cancer treatment in which tumors are targeted with high
doses of ionizing radiation to eradicate the cancer cells. The treatment induces
DNA damage which the cells attempt to repair in order to avoid eradication.
This repair process can be characterized with the help of biologically inspired
dynamic models. These models have parameters such as radiosensitivity, speed
and efficiency of repair; the corresponding parameter values can be used to gain
insights into the nature of the repair process and to characterize cancer- and
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normal tissue cell lines. Knowing more about these aspects of cancer ultimately
leads to novel or optimized treatments for cancer.
A critical property of DNA damage in cells is that it is not deterministic:
When a number of cells are irradiated, the specific damage is very different in
each of the cells due to the stochastic nature of the process [3]. In consequence,
damage induction in cells, as well as their individual reaction to it, will vary even
when they are selected from a genetically well defined cell line and irradiated ho-
mogeneously. This variation is concealed to some extent when only mean values
and standard errors are reported. Sometimes, it is of importance to consider how
data are distributed, and how these distributions change over time. As explained
below, DNA damage and repair is such a case. More generally, distributions are
reflecting some aspects of complexity in the system: A population of genetically
identical or similar entities (e.g. cells) will divide into sub-populations which
start to evolve differently. When modelling such complex systems, modellers are
often confronted with model parameters that cannot be determined uniquely by
fitting the average behaviour of experimentally observed populations.
In this broader context, the strategy presented here can be applied not only to
DNA damage and repair, but rather to any situation where data distributions in
a time-resolved context are paramount. The example of DNA damage and repair
chosen here to showcase the method is a good example for the following reason:
If little damage is introduced to a cancer cell, the probability of a successful
repair is high. After repair, this cell is able to undergo mitosis, contributing
to the progression of cancer. Even if only a small number of cancer cells reach
this state, the consequences may be critical and very relevant [19]. Since a few
cells with little damage would hardly influence the mean damage of a cancer
cell population, it is beneficial to consider the full distribution of damage within
the population rather than the mean (or any other aggregate, e.g. the median
damage). It is equally important to consider how this distribution changes over
time. The methodology presented here has therefore been specifically designed
to bridge the gap between the experimental readout and the model structure
in a fashion that takes into account the damage-distribution in a time-resolved
manner.
Following a model-based strategy calls for a set of tools, specifically (a) a
mathematical model able to predict DNA damage and its repair; (b) a method-
ology to obtain DNA damage readout experimentally from irradiated cells, i.e. to
quantify DNA damage; and (c) a way to map and compare the model prediction
(a) to experimental results (b). The contribution of this work is as follows. First,
a method (c) to map experimentally obtained DNA damage readout (b, based
on comet assay) to a DNA damage- and repair-model (a, the Multi-Hit-Repair
model [14]) is presented, attributing particular care to the stochastic nature of
the readout. This mapping also takes into account the dynamic nature of the
repair process by considering measurements taken in a time-resolved manner.
Second, the properties of the model (a) and the readout (b) necessary for a
successful mapping are discussed to generalize these findings to other research
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questions. Third, parameter search is performed on such data, showcasing the
potential of this method.
2 Methods
In this section, the various methods used in this work are described. Sec. 2.1
outlines how the cells are treated during the experiment. Sec. 2.2 describes the
comet assay, a method to quantify DNA damage. In Sec. 2.3, the Multi-Hit-
Repair model is presented, which is the mathematical model used to predict
DNA damage and repair. Sec. 2.4 describes how experimentally quantified DNA
damage is mapped to the prediction of the model. These three sections corre-
spond to the three key-aspects (b), (a) and (c) mentioned in the in introduction.
Lastly, an approach for parameter search is presented in Sec. 2.5.
2.1 Experimental Setup
A canine osteosarcoma cell line (Abrams) is kept in culture at 37 ◦C. At the
beginning of the experimental procedure, cells and medium are transferred to
cell culture dishes. One dish is used for each time-point. The dishes containing
the cells and medium are irradiated at 6 Gy with a clinical linear accelerator
(Clinac iX, Varian, Palo Alto, CA, USA) operating at a dose rate of 6 Gy/min.
Using the comet assay, DNA damage is quantified before, as well as 15, 30, 60,
120, 240 and 360 min. after irradiation.
2.2 Comet Assay
The comet assay (also referred to as single cell gel electrophoresis assay, Tre-
vigen, Gaithersburg, MA, USA) is a method to assess the amount of damage
in DNA [13]. Cells are dispersed and suspended in agarose gel and lysed, thus
dissolving cellular membranes, proteins, RNA and other cell constituents. At the
end of this step, only unwound DNA is left. Then, electrophoresis is performed;
DNA fragments are dragged towards the positive electrode. The smaller a frag-
ment, the easier it can move through the gel and the farthest it has moved after
the completion of the electrophoresis step. At this stage, structures resembling
comets can be observed by fluorescence microscopy. The fragments form a comet
tail shape, facinng away from the bulk of DNA, which looks like a comet head.
Sample comets are shown in Fig. 1. The standard Trevigen protocol was used
for this procedure, specifically following recommendations for obtaining reliable
and repeatable results [6].
Each cell embedded into the gel forms one comet. Thus, DNA damage is
quantified on a per-cell basis from the resulting microscopy image by computing
the relative pixel intensity of the tail compared to the total pixel intensity of the
comet structure, i.e.
Relative tail intensity =
∑
x,y∈tail I(x, y)∑
x,y∈head I(x, y) +
∑
x,y∈tail I(x, y)
(1)
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I(x, y) denotes the pixel intensities at coordinates x and y. The Comet IV
software was used to quantify the relative tail intensity of approx. 100 randomly
selected cells for each of the 7 time-points.
2.3 Multi-Hit-Repair (MHR) Model
The MHR model [14] is a dynamic population model where cells are assigned
to populations Hi depending on the number of radiation-induced hits they have
accumulated. Cells with one or more hits have lost their ability to form clones
(clonogenicity). This implies that a hit is defined as a lesion which prevents cells
from undergoing mitosis. Regarding DNA, the MHR model does not impose what
a hit consists of. In particular, one hit does not correspond to one DNA break,
but it can be assumed that more hits generally correspond to more damage. As
illustrated in Fig. 1, the populations are arranged in a chain structure. Initially,
all cells are assigned to population H0 which represents cells able to undergo
mitosis – they are clonogenic. Damage is induced at a rate αR(t) · H0 where
R(t) is the dose rate of irradiation. It is set to 0 Gy/min. prior to and after
irradiation and has a value of 6 Gy/min. during irradiation. Irradiation starts
at t = 0 min., and its duration is such that the target dose of 6 Gy is reached.
Population H1 contains cells that have accumulated one hit, H2 contains
cells with two hits, etc. According to the definition of a hit, these cells cannot
undergo mitosis. When a hit of a cell in population Hi is repaired, the cell is
transferred to population Hi−1. Damaged cells in the Hi populations can also
undergo cell death at a rate of ceHi, which occurs when a damaged cell fails to
repair itself and dies instead. The repair rate is a function of Hi, the repair rate
constant cr and the repair inhibition due to radiation-induced protein damage
(see below). These various contributors to the repair rate are all summarized in
the repair function r(Hi). Thus, the differential equations for population Hi is:
dHi
dt
= αR(t)Hi−1 − αR(t)Hi − r(Hi) + r(Hi+1)− ceHi (2)
Since radiation induces protein damage, such damage in DNA repair proteins
must be cured before DNA repair can occur. This is modeled with a transient
biological dose equivalent (TBDE) Γ . After irradiation, repair proteins are im-
paired, resulting in a high TBDE. As time progresses, these proteins are repaired,
the TBDE drops and DNA repair starts to take place. This is modeled as follows:
dΓ
dt
= R(t)− γΓ (3)
r(Hi) = cr exp (−µΓΓ )Hi (4)
The derivation of these equation along with further discussion and validation
of the model can be found in [14]. Initial conditions are H0(0) = 1, Hi>0(0) = 0
and Γ (0) = 0, assuming that no damage is present before irradiation. In cases
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where this assumption is violated, Hi(0) can also bet set according to the pre-
existing damage (see Sec. 3). The full set of equations is given in Fig. 1. A
summary of the model parameters is presented in Tab. 1.
Table 1. Summary of model parameters with their respective search space boundaries.
The last column indicates the result of parameter search. For completeness, the dose
rate R(t) is also given. It is not determined during parameter search, but rather fixed
to reflect the experimental conditions. The fit error ε (as defined in Sec. 2.5) is 0.06.
Parameter Description Min. Max. Fit
α Radiosensitivity (Gy−1) 0 2 0.09
cr Repair rate constant (h
−1) 0 10 0.22
ce Elimination rate constant (h
−1) 0 10 0.00
µΓ TBDE weighting factor (Gy
−1) 0 10 0.00
γ TBDE rate constant (h−1) 0 10 3.80
R Dose rate (h−1)
{
360 0 h ≤ t ≤ 1
60
h
0 otherwise
2.4 Relationship Between Comet Assay Readout and Model State
At any point in time t, the state variables Hi quantify the fraction of the cell
population that has accumulated i hits (0 ≤ i ≤ K). This is a consequence of
choosing the initial conditions such that 100 % of the cells are in H0 initially
(H0(0) = 1). Conversely, the comet assay readout is a number dj for each of
the m cells that are quantified. Since dj is a relative tail intensity as defined in
Eq. 1, 0 ≤ dj ≤ 1.
Because of the assumption that an increasing amount of DNA damage dj
translates to a higher number of hits i, a strategy where the populations Hi
are mapped to histogram frequency bins of the distribution of dj in an ordered
fashion appears to be the obvious choice. This mapping, however, implies that a
specific range of DNA damage (e.g. 0 % – 5 %) is mapped to a population (e.g.
H0). Since the model imposes that only the H0 population can undergo mitosis,
the choice of range is not arbitrary. As explained below, calibration of a scaling
factor s is required to ensure a correct relationship.
More formally, the mapping is achieved as follows for every time-point t:
First, the m comet assay readouts dj are scaled with a scaling factor s, i.e.
d̃j = s · dj . This is done to establish the correct relationship between the DNA
damage frequency bins and the model populations. Second, all d̃j are binned
into K + 1 bins such that the ith bin ri contains the number of d̃j with a
damage between iK and
i+1
K . These histogram bins ri sum up to m and are then
normalized to the bins r̃i which sum up to 1. In a third step, the cell populations
Hi are normalized in the same way, such that
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H0 H1 H2 H3 HK
αR αR αR αR
r(·) r(·) r(·) r(·)
ce ce ce ce
dH0
dt
= −αRH0 + r(H1)
dH1
dt
= αRH0 − αRH1 − r(H1) − ceH1 + r(H2)
. . .
dHi−1
dt
= αRHi−2 − αRHi−1 − r(Hi−1) − ceHi−1 + r(Hi)
dHi
dt
= αRHi−1 − αRHi − r(Hi) − ceHi + r(Hi+1)
dHi+1
dt
= αRHi − αRHi+1 − r(Hi+1) − ceHi+1 + r(Hi+2)
. . .
dHK
dt
= αRHK−1 − r(HK) − ceHK
dΓ
dt
= R− γΓ
r(Hi) = cr exp (−µΓΓ )Hi
Fig. 1. Top: High-level illustration of the MHR model. The boxes depict the chain
structure with the populations Hi; the arrows denote how cells accumulate hits (to
the right), undergo cell death (to the top) or undergo repair (to the left). Below the
chain, comet assay pictures conceptually illustrate how comets with increasingly high
relative tail intensities are mapped to populations with increasingly high numbers of
hits. Bottom: Below the illustration, the full set of system equations is given. (See [14]
for details.)
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K∑
i=0
r̃k =
K∑
i=0
H̃i = 1 . (5)
This normalization is necessary to overcome the fact that dead cells are
eliminated in the model, thus reducing Hi, while the experimentally obtained
damage readouts are always performed on approx. 100 cells.
Finally, to compare comet assay readout and model state, the normalized
cell populations H̃i are mapped to the damage readout bins r̃i in a pairwise
fashion. This technique allows for a comparison in distribution rather than just
mean values. In general, the length of the chain K is not critical provided that
it is sufficiently long [14] – in an excessively long chain, populations with a high
number of hits simply remain empty. In the simulation presented here, a value
of K = 24 was chosen. The scaling factor s was fixed to 1 for now, mapping
DNA damage between 0 % and 4 % to H0, damage between 4 % and 8 % to
H1 etc. The choice of s is non trivial and remains a challenge, thus strategies to
determine s are discussed in Sec. 4.
2.5 Parameter Search
Differential evolution [16] was used to perform parameter search by minimizing
the sum of squares
ε =
∑
t>0
K∑
i=0
(
r̃
(t)
i − H̃i(t)
)2
(6)
where r̃
(t)
i denotes the ith normalized histogram bin at time point t. The time-
points t ∈ (15, 30, 60, 120, 240, 360) min. are considered for the minimization, but
not the time-point t = 0 min. (i.e. before irradiation) since no parameter has
any effect on the model-prediction at t = 0 min.
The model was implemented using Python 3.6.6 and employing the odeint()
function from version 1.1.0 of the scipy python package. Differential evolution
was performed with the differential evolution() of the same package.
3 Results
Fig. 2 shows experimental results from comet assays (top) along with the model
prediction (bottom) after parameter search. The resulting model parameters are
listed in Tab. 1. Parameter search took approx. 10 min. on a 2.0 GHz Intel
Xeon core and reliably converged to always the same endpoints with an error of
ε = 0.06.
As expected, the damage increases after irradiation both in the experimental
readout (top half of Fig. 2) as well as in the model prediction (bottom half of Fig.
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2). The violin-like structures in the plot show the statistical density of the data;
when the violin is wide, a high number of values are present in the corresponding
range of relative tail intensities. The violins of the model prediction are jagged
due to the discrete nature of the populations. For the experimental data, the
violins are generated from the readout without binning (i.e. from d̃j), thus the
violin outlines are smoother. The comet assay readout before irradiation suggests
that the assumption of no damage prior to irradiation is false – some damage is
present even before irradiation. The initial conditions for Hi were set according
to the distribution of this readout.
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Fig. 2. Violin plots of comet assay readouts after irradiation with 6 Gy (top) and
corresponding model prediction (bottom) of Abrams osteosarcoma cells. The readout
at t = 0 min. is acquired immediately before irradiation. The vertical axis is limited to
the range between 0 % and 30 % of relative tail intensity.
4 Discussion and Conclusion
The results showcase that the MHR model is able to produce output that is in
line with DNA damage readouts obtained with comet assays after irradiation.
Thus, the strategy proposed in this work appears to be a viable candidate to
map experimental DNA damage readout to the MHR model state and back, and
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more generally, to grasp the distribution of aspects of populations that change
over time.
So far, most parameter searching has been performed based on clonogenic
cell survival curves, i.e. dose-response curves that assess for each dose the pro-
portion of cells which survived irradiation and were able to form clones [14,
18]. This proportion corresponds to limt→∞H0(t) in the MHR model, i.e. the
fraction of initial cells that have fully recovered from the irradiation and have
regained their ability to undergo mitosis. Thus, H0(t) is evaluated many hours
after the essential dynamics have ceased. Doing so introduces an undesired am-
biguity: as long as the duration of irradiation is short compared to the repair
process, parameters can be scaled in the time-domain without affecting the end
result. For example, reducing cr by a factor of e.g. 10 would eventually yield the
same surviving proportion provided that other parameters are scaled accord-
ingly. The process would take longer, but this has no effect on the proportion of
surviving cells since only the end-point is evaluated. In fact, such ambiguities in
the prediction of cell survival curves have been found [18] and prompted for the
time-resolved approach introduced here.
While such a time-resolved approach does remove the aforementioned ambi-
guity, the scaling factor s is required to determine the scaling in the damage/hit-
domain. s = 1 was used for the parameters reported in Tab. 1, linking clonogenic
cells to relative tail intensities of 0 % – 4 %. As discussed above, other ranges are
equally reasonable; the yet unknown scaling factor s is required to render the
results from parameter search comparable to parameter values estimated from
cell survival curves. It is critical to note that finding a suitable scaling factor
would still produce the results shown in Fig. 2, but the parameter values would
change, allowing for a comparison with values found and reported in the past.
Unfortunately, it is not possible to calibrate s from comet assay readouts because
these readouts do not carry any information on the clonogenicity of the cells.
This information, however, is required because H0 must contain clonogenic cells
by definition. Hence, a parameter search with combined data from comet assay
and clonogenic assay should be used instead.
Interestingly, both the elimination rate constant ce as well as the TBDE
weighting factor µΓ converged to 0, which was the lower bound of the search
space. A possible explanation for a low ce is that the normalization introduced
in Eq. 5 in order to compensate for the fact that a fixed number of cells are
examined in the comet assay, thus disregarding a reduction of the overall number
of remaining living cells, conceals cells that have been eliminated. Moreover, cell
death is a process that takes time, and the 6 hours of simulation may simply
not extend to the point in time at which cell death occurs. These findings again
prompt for a combined analysis with both comet assay and clonogenic assay
because the latter inherently captures cell survival.
The estimate of µΓ=0 Gy
−1 is challenging to interpret, since a slow-down or
even stall of repair directly after irradiation is a plausible and well established
phenomenon [15], which is thought to be a combination of time required to
recruit DNA repair proteins before DNA repair can start and time required to
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repair such proteins that may have been damaged by radiation. Setting µΓ =
0 Gy−1 eliminates this phenomenon from the model, suggesting that efforts
should be put into investigating how relevant and robust this parameter is. A
potential method to achieve this could be approximate bayesian computation
(ABC) [1], where parameters search does not yield point-estimates, but rather
results in distributions of parameters in the search space.
For a successful application of the method presented here, the readout should
reflect the quantity that is modeled. In the context of DNA damage and repair,
this entails that the readout correlates well with the damage introduced by radi-
ation. While the correlation between primary damage and radiation dose is well
established [2, 12], the practice of quantitatively inferring DNA damage from a
microscopy image of cells subject to the electrophoresis process may appear ques-
tionable at first. However, an excellent linear relationship between the applied
radiation dose and the relative tail intensity was found, with coefficients of deter-
mination exceeding R2 = 0.95 [8, 17]. One may generally question whether comet
assay is the best technique to investigate DNA damage and response in quan-
titative terms. A popular alternative would be the use of γH2AX, a biomarker
for double strand breaks [9]. However, the γH2AX response is delayed by up to
30 min. and remains detectable after the double strand break has been repaired,
and the relationship between applied dose and response is worse than with comet
assay [7, 11]. The first issue in particular renders γH2AX an inferior alternative
to comet assay since the readout should reflect the current state of the system
rather than some time-delayed state.
Similarly, one may question whether the MHR model is a suitable choice for
the task at hand. Most models commonly used in radiobiology do not model DNA
damage and repair kinetics. Instead, they model the observed outcome directly.
For example, the linear-quadratic model [4, 10] and the linear-quadratic-liner
model [5] describe the relationship that is observed between dose and surviving
fraction of cells. They do not relate to radiobiological principles but merely
reflect the observed outcome. Thus, they cannot be used in this context. The
MHR model, on the other hand, is a suitable choice because it is designed with
radiobiological concepts from the ground up. In consequence, the topology of the
model can be mapped to the distribution of damage-readouts, as demonstrated
in this work.
In conclusion, the method presented here appears to be suitable for bridging
the gap between the time-resolved comet assay readout and the MHR model
because it tackles the key difficulty of the problems, which is to treat the readout
as a distribution and to establish a relationship between this distribution and
the model populations. In a next step, the scaling factor s should be calibrated
using the proposed multi-assay parameter search, consisting of both comet- as
well as clonogenic assay, followed by validation of the model and the mapping.
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